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1
HIGH-ACCURACY REAL-TIME ROAD SIGN
DETECTION FROM IMAGES

BACKGROUND OF THE INVENTION

While techniques for detecting objects may exist, these
techniques often lack accuracy, require significant processing
time, or both. As such, these techniques are inadequate for
applications that require fast, accurate object detection.

BRIEF SUMMARY OF THE INVENTION

One aspect of the disclosure provides a method of detecting
objects, such as road signs or other objects encountered along
a roadway. This method may include receiving images from
an image capture device, detecting a plurality of candidate
objects within the received images, performing shape classi-
fication on the plurality of candidate objects, and eliminating
non-objects from the plurality of candidate objects. Detecting
the candidate objects may more specifically include perform-
ing constant-time normalized cross-correlation between a
template and the camera image, computing a score for objects
identified in the camera image based on their fit within the
template, and selecting the candidate objects based on the
computed score. According to one example, performing con-
stant-time normalized cross-correlation includes detecting
areas of a given color within the received image by computing
anintermediate image, building a first integral image from the
intermediate image, and computing a second integral image
which sums the squares of the intermediate image. The inter-
mediate image may be computed by subtracting a maximum
ofafirstand second color channels from a third color channel,
the third color channel corresponding to the given color.
However, in some instances, the intermediate image may be
the original image.

Another aspect of the disclosure provides a system for
detecting objects, including an image capture device adapted
to continually receive images, a processor in communication
with the image capture device, and a memory storing instruc-
tions executable by the processor. These instructions may
perform a method of receiving images from the image capture
device, detecting a plurality of candidate objects within the
received images, performing shape classification on the plu-
rality of candidate objects, and eliminating non-objects from
the plurality of candidate objects. Detecting the candidate
objects may include performing constant-time normalized
cross-correlation between a template and the camera image,
computing a score for objects identified in the camera image
based on their fit within the template, and selecting the can-
didate objects based on the computed score. In some
examples, the processor may further execute instructions for
detecting areas of a given color within the received image by
computing an intermediate image, the intermediate image
being computed by subtracting a maximum of a first and
second color channels from a third color channel, the third
color channel corresponding to the given color. Further
executable instructions may include building a first integral
image from the intermediate image, wherein each pixel in a
given coordinate position of the first integral image stores the
sum of all pixels in lower coordinate positions in the inter-
mediate image, and computing a second integral image which
sums the squares of the intermediate image.

Yet another aspect of the disclosure provides a non-transi-
tory computer readable medium storing information and
instructions executable by a processor for performing a
method of detecting objects. This method may include receiv-
ing images from an image capture device, detecting a plural-
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2

ity of candidate objects within the received images, perform-
ing shape classification on the plurality of candidate objects,
and eliminating non-objects from the plurality of candidate
objects. Detecting candidate objections further includes per-
forming constant-time normalized cross-correlation between
a template and the camera image, computing a score for
objects identified in the camera image based on their fit within
the template, and selecting the candidate objects based on the
computed score.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of a system according to aspects
of the disclosure.

FIG. 2 is a flow diagram illustrating a method for detecting
objects in real-time according to aspects of the disclosure.

FIG. 3 illustrates an example of a template applied to an
image according to aspects of the disclosure.

FIG. 4 illustrates an example of the template of FIG. 3 in
relation to a detected object according to aspects of the dis-
closure.

FIG. 5 illustrates another example of a template applied to
an image according to aspects of the disclosure.

FIG. 6 illustrates an example of an interleaved integral
image according to aspects of the disclosure.

FIG. 7 illustrates examples of different shaped templates
using a number of rectangles according to aspects of the
disclosure.

DETAILED DESCRIPTION

The disclosure relates to detection of road signs in real-
time using a camera. As images are received through the
camera, candidate signs are first detected. From the pool of
candidate signs, false positives may be separated out to iden-
tify actual road signs. Using such a two-stage process reduces
computer processing, thereby enabling the images to be
detected in real-time. One application may be in an autono-
mous vehicle to detect road construction signs. In this regard,
a driver can be prompted to take control of the car in con-
struction zones.

The candidate signs may be identified by scanning the
camera image for a particular color and shape. For example,
to detect road construction signs, which are typically orange,
the yellow-orange-red areas of the images are identified and
used to compute an intermediate image. The intermediate
image is then used to compute an integral image, which is an
image that sums a range of pixels. A template, including
shapes of various sizes (e.g., small, medium, and large con-
centric rectangles), is designed, where each size rectangle has
a different weight (e.g., +1 for the smallest rectangle, O for the
medium rectangle, -1 for the largest rectangle). Normalized
cross correlation of the template and the camera image is
performed and used to compute a score (e.g., from Oto 1). For
example, a sliding window may be moved over the image in
different positions to find the orange rectangle road signs.
This sliding window may be run at different positions and
scales (to find large and small signs). A sign that mostly fits
within the smallest (+1 weight) rectangle will receive a higher
score, and thus be selected as a candidate road sign. However,
the template allows room for error by its design, and enables
detection of signs that are damaged, misshapen, viewed at an
angle, or partially obstructed, and therefore do not fit per-
fectly within any one rectangle of the template. Detection of
diamond shaped signs is performed using the same technique
as for a rectangle sign, except the integral images are rotated
45 degrees.
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To eliminate false positives from the candidate pool, clas-
sification is performed. Features are portions of the camera
image that may be identified and collectively used to recog-
nize a sign. For example, features may be corners or edges of
a sign, color, text, texture, a pole mounted below the sign, a
tree or sky in the background behind a sign, etc. “Weak
classifiers” may be trained on these individual features which
convey the likelihood of the existence of a sign. Initially, a
training database may be built using images known to include
signs and images of objects that are known not to be signs.
This training database may be used to teach a learning algo-
rithm what should be identified as a sign in a camera image
and what should not be. The algorithm utilizes Adaboost,
which takes anumber of weak classifiers into consideration to
increase precision, thereby producing a “strong” classifier.
For example, rather than just using one weak classifier (e.g.,
a sign edge) to determine whether an object is a sign, multiple
classifiers (e.g., edges, color, text, background) may be used
together to ensure that the object is a sign. Moreover, Asym-
metric Adaboost may be used, where different weights are
assigned to different examples (e.g., to assign greater penal-
ties to identifying an actual sign as a non-sign than to identi-
fying a false positive). Even further, a technique called drop-
out may be employed within Adaboost, where redundancy is
added to increase robustness of the algorithm. For example,
when several classifiers have been identified, the presence of
one or more of those classifiers may be ignored when select-
ing the next classifier. Thus, for example, if the algorithm
detects a rectangular edge, an orange color, and the text
“Slow,” the algorithm may ignore the fact that the edge has
been detected when selecting the next classifier (e.g., the pole
under the sign). This makes the algorithm more robust to
missing or hidden features, and improves generalization.
Another form of ‘dropout’, which ignores a fraction of the
training examples while selecting the next classifier, may also
be used, possibly in conjunction with the ‘dropout’ of some of
the previously selected classifiers.

FIG. 1 illustrates an autonomous driving system 100,
which includes a vehicle 101 with various components and a
computer system 160 communicatively coupled to the
vehicle 101 through, for example, a network 150. The vehicle
may have one or more computers, such as computer 110
containing a processor 120, memory 130 and other compo-
nents typically present in general purpose computers.

The memory 130 stores information accessible by proces-
sor 120, including instructions 132 and data 134 that may be
executed or otherwise used by the processor 120. The
memory 130 may be of any type capable of storing informa-
tion accessible by the processor, including a computer-read-
able medium, or other medium that stores data that may be
read with the aid of an electronic device, such as a hard-drive,
memory card, ROM, RAM, DVD or other optical disks, as
well as other write-capable and read-only memories. Systems
and methods may include different combinations of the fore-
going, whereby different portions of the instructions and data
are stored on different types of media.

The instructions 132 may be any set of instructions to be
executed directly (such as machine code) or indirectly (such
as scripts) by the processor. For example, the instructions may
be stored as computer code on the computer-readable
medium. In that regard, the terms “instructions” and “pro-
grams” may be used interchangeably herein. The instructions
may be stored in object code format for direct processing by
the processor, or in any other computer language including
scripts or collections of independent source code modules
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4

that are interpreted on demand or compiled in advance. Func-
tions, methods and routines of the instructions are explained
in more detail below.

The data 134 may be retrieved, stored or modified by
processor 120 in accordance with the instructions 132. For
instance, although the system and method is not limited by
any particular data structure, the data may be stored in com-
puter registers, in a relational database as a table having a
plurality of different fields and records, XML documents or
flat files. The data may also be formatted in any computer-
readable format. By further way of example only, image data
may be stored as bitmaps comprised of grids of pixels that are
stored in accordance with formats that are compressed or
uncompressed, lossless (e.g., BMP) orlossy (e.g., JPEG), and
bitmap or vector-based (e.g., SVG), as well as computer
instructions for drawing graphics. The data may comprise any
information sufficient to identify the relevant information,
such as numbers, descriptive text, proprietary codes, refer-
ences to data stored in other areas of the same memory or
different memories (including other network locations) or
information that is used by a function to calculate the relevant
data.

The processor 120 may be any conventional processor,
such as processors from Intel Corporation or Advanced Micro
Devices. Alternatively, the processor may be a dedicated
device such as an ASIC. Although FIG. 1 functionally illus-
trates the processor, memory, and other elements of computer
110 as being within the same block, it will be understood by
those of ordinary skill in the art that the processor and
memory may actually comprise multiple processors and
memories that may or may not be stored within the same
physical housing. For example, memory may be a hard drive
or other storage media located in a server farm of a data
center. Accordingly, references to a processor or computer
will be understood to include references to a collection of
processors or computers or memories that may or may not
operate in parallel.

Computer 110 may include all of the components normally
used in connection with a computer such as a central process-
ing unit (CPU), graphics processing unit (GPU), memory
(e.g., RAM and internal hard drives) storing data 134 and
instructions such as a web browser, an electronic display 142
(e.g., amonitor having a screen, a small LCD touch-screen or
any other electrical device that is operable to display infor-
mation), and user input (e.g., a mouse, keyboard, touch-
screen and/or microphone).

Computer 110 may also include a geographic position
component 144 to determine the geographic location of the
device. For example, computer 110 may include a GPS
receiver to determine the device’s latitude, longitude and/or
altitude position. Other location systems such as laser-based
localization systems, inertial-aided GPS, or camera-based
localization may also be used.

Computer 110 may also include other features, such as an
accelerometer, gyroscope or other acceleration device 146 to
determine the direction in which the device is oriented. By
way of example only, the acceleration device may determine
its pitch, yaw or roll (or changes thereto) relative to the
direction of gravity or a plane perpendicular thereto. In that
regard, it will be understood that a computer’s provision of
location and orientation data as set forth herein may be pro-
vided automatically to the user, other computers of the net-
work, or both.

Computer 110 may also include an object detection com-
ponent 148 to detect and identify objects such as traffic sig-
nals, signs, pedestrians, etc. The detection system may
include lasers, sonar, radar, cameras or any other such detec-



US 9,092,695 B1

5

tion methods. For example, the object detector may commu-
nicate with image capture device 190 to identify road signs,
including text or pictorial messages included on the signs. In
use, computer 110 may use this information to instruct the
braking system of the vehicle to apply the brakes.

Computer 110 may send and receive information from the
various systems of vehicle 101, for example the breaking 180,
acceleration 182, signaling 184, and navigation 186 systems
in order to control the movement, speed, etc. of vehicle 101.

In one example, computer 110 may be an autonomous
driving computing system capable of communicating with a
remote server or other computer, such as computer 160. Com-
puter 160 may be configured similarly to computer 110, for
example, including a processor 170, memory 172, instruc-
tions 174, and data 176. Data 176 may include various types
of information used by computer 160. For example, training
and classification data may be stored for use by the processor
170 in training an algorithm for detecting objects, such as
road signs. The trained algorithm may be provided to the
computer 110 foruse by the vehicle 101 in real-time detection
of road signs. For example, the trained algorithm may be
downloaded by the computer 110 through the network 150.
As another example, the algorithm may be stored on a com-
puter-readable medium and transferred to the computer 110,
or the algorithm may be communicated to the computer 110
in any other way.

It will be understood that although various systems and
computer 110 are shown within vehicle 101, these elements
may be external to vehicle 101 or physically separated by
large distances. Similarly, while the processor 170 and
memory 172 are both shown as being within the computer
160, these components may reside externally of a computer
housing.

FIG. 2 illustrates a method 200 for detecting objects in real
time. In one example, this method 200 may be continually
executed by the autonomous driving computer system 110 to
identify traffic signs. The autonomous driving system may
adapt the driving style of the car in response to the detected
sign, such as by slowing down.

In block 210, an image is received from an image capture
device. The images may be still images, frames from video
data, or the like.

In block 220, constant time normalized cross correlation is
performed between a template and the image. The templates
may include a plurality of shapes, and different templates
may be used for detecting signs of different shapes. The
shapes may be concentric. The templates are described in
further detail with respect to FIGS. 3-5.

The constant-time normalized cross correlation enables
detection of candidate signs quickly without missing any
signs. For example, the normalized cross-correlation between
the template and an image patch is performed using an inte-
gral image, and the time is independent of the size of the
image patch. According to one example, the normalized cross
correlation may be based on a color and shape of a sign or
other object to be detected. For example, to detect construc-
tion signs, the yellow-orange-red areas of the received image
may be detected. To do this, the original image I(x,y,c) (where
x,y represent the pixel location, and ¢ represents the color
channel (c=R, G, or B)) from the camera is used to compute
an intermediate image R(x,y) by subtracting the maximum of
the blue and green channels from the red channel. Accord-
ingly, the intermediate image may be represented using the
following equation:

R(x,y)=I(x,y,R)-max(l(x,y,G),l(x,y,B)).
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R(x,y) represents the “redness” across the image. To detect
rectangle signs, an “integral image” S(x,y) is built from the
image R(x,y) as follows:

S, ) =Rxy)+Sx—1,3)+Sxy-1)-Sx-1,3-1)

According to some examples, the integral image may be
built on the original image. For example, if the source image
is monochrome, or if the sign to be detected is not-colored
(white/black/gray), then the original image may be used as
the intermediate image.

Each pixel S(x,y) of the integral image stores the sum of all
pixels in R(x',y") for all 0<=x'<=x, 0<=y'<y. For example, a
pixel in the middle of the integral image may store all pixels
to the left of that position in the intermediate image, and all
pixels below that position in the intermediate image. Such an
integral image enables fast computation of the sum of the
“redness” in any rectangle R(x0, y0, x1, y1) within the image
as follows:

RectSum(R(x0,30,x1,91))=5(x1,y1)-S(x0-1,y1)-S(x1,
YO-1)+S(x0-1,50-1)

Additionally, the integral image Ssq(X,y), which sums the
squares of the redness image (R(x.,y))"2, is computed. Can-
didate rectangle signs may be identified using S(x,y) and
Ssq(x,y) together.

The template may be applied to find yellow-orange-red
rectangles with an aspect ratio of approximately 2:1. Each
concentric shape of the template may have a different value,
such as +1, 0 and -1. The zero region allows some invariance
to small translation, scaling, and rotation. The template may
be applied across a range of scales and every possible location
to detect signs of various sizes at various positions in the
image. In one example, the matching is not sensitive to con-
trast, thus allowing for the detection of really dark signs at
night as well. We use thresholds on the standard deviation and
mean to reduce detection of very high noise areas.

A normalized cross correlation of the template with the
image in constant time using the integral images S(x,y) and
Ssq(x,y) is used to compute a score from 0 to 1 (block 230). If
the score is above a threshold t, then the area within the
template is marked as a candidate sign (block 240).

In block 250, duplicate matches may be eliminated. One
technique for eliminating duplicate matches includes using
non-maximum suppression. For example, candidate matches
which are close to a strong candidate match and have similar
size may be removed.

Some objects other than road signs may be included in the
identification of candidate signs. Accordingly, false positives
may be removed from the set of candidate signs. In block 260,
shape classification is performed. A multi-stage cascade of
classifiers is trained using a database of positive and negative
examples, such as objects known to be signs and objects
known to not be signs. Using a cascade of classifiers gradually
increases precision across the stages.

To train each stage, one or more techniques may be used.
For example, one technique includes implementing a learning
algorithm, such that distinguishing signs from non-signs
within the candidate signs is learned. A validation set may
stop the training early if a learning goal is reached.

Another technique includes selecting a small number of
weak classifiers, and using those classifiers in combination.
For example, classifiers such as color, edges, text, mounting
on poles, background, or the like may be selected as classifi-
ers.

Another technique includes asymmetric boosting, which
weights positive and negative examples differently to main-
tain high recall. For example, the importance of missing a
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sign may be higher than the importance of falsely identifying
a non-sign as a sign. Accordingly, missing a sign may be
assigned a greater weight.

According to one example, a “dropout” technique may be
used, where noise or redundancy is added during training. For
example, the presence of one or more selected classifiers may
be ignored when selecting the next classifier. Thus, in an
example where edges and text in an object are detected, the
presence of the text may be ignored when determining
whether the object is mounted on a pole, thereby increasing
the range of examples that would return a positive match.
Another ‘dropout’ technique, which ignores a fraction of the
training examples while selecting the next classifier, may also
be used, possibly in conjunction with the dropout of some of
the previously selected classifiers.

In block 270, non-objects may be removed from the can-
didates based on the classification. The remaining candidates
may thus be determined to be actual road signs.

FIG. 3 illustrates an example of a template 350 for detect-
ing a rectangular road sign 330 in an image 310. The template
350 includes several concentric rectangles 352, 354, 356.
Each of these rectangles may be weighted differently. For
example, the innermost rectangle 352 may correspond to a
weight of +1, while the middle rectangle 354 corresponds to
a weight of 0 and the outermost rectangle 356 corresponds to
aweight of -1. As the template 350 is scanned over the image
of roadway 320 at different scales, the computer 110 may
detect that the road sign 330 fits within one or more of the
rectangles of the templates 350. Depending on which rect-
angles the sign 330 fits in, a score is assigned to the sign 330.
For example, if the sign fits within the rectangle 352 and
partially extends into the rectangle 354, it will be assigned a
score closer to 1. If the score assigned to the detected object
meets or exceeds a predetermined threshold, the object may
be identified as a candidate sign. The threshold may be
learned from training data.

The zero region in the design of the template 350 enables
detection of signs that are damaged, obstructed, angled, or
otherwise irregular in appearance in an image. For example,
FIG. 4 illustrates the template 350 in relation to a road sign
430, which is angled with respect to the image capture device,
and which thus appears to be smaller at a first edge 432 than
at a second edge 434. Although the sign 430 appears to have
a non-rectangular shape, it will nevertheless be identified as a
candidate image because it fits within the template 350.

FIG. 5 illustrates an example of a template 550 for detect-
ing a diamond shape road sign 530 in an image 510. Similar
to the template 350, the template 550 may include several
concentric shapes 552, 555, 556, each being assigned a dif-
ferent weight. These weights may be pre-normalization
weights, and the template may include zero-mean and unit
standard deviation at each scale before applying it. The zero
region allows some invariance to small deformation, transla-
tion, scaling, and rotation.

For detecting diamond signs, the integral images built may
be rotated by 45 degrees. So, within each integral image, two
independent interleaved integral images are computed. For
example, one integral image includes pixels with even (x+y)
and the other includes pixels with odd (x+y). FIG. 6 illustrates
an example of an interleaved integral image, with odd (0) and
even (E) grids. The odd and even grids are independent and do
not interact.

The formula for this “diagonal” integral image is:

SEy)=o(x,y)+S(x—1,y—-D+Sx+1,y-1)-S(x,y-2),

where S is the integral image, and o is the original image.
Such “diagonal” integral images S(x,y) and Ssq(x,y) built
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8

over R(x,y) enable fast detection of diamond-shaped signs
using fast normalized cross-correlation.

While specific examples of rectangular and diamond tem-
plates 350, 550 are provided above, the templates used in
object detection may be any shape, including circular, trian-
gular, octagonal, or the like. Moreover, while three shapes are
used in each example, the template may include any number
of shapes positioned in relation to each other, and not neces-
sarily concentric. Furthermore, different shapes can be
approximated by a collection of rectangles as shown in FIG.
7. For example, circular template 710 may include a number
of rectangles sized and positioned to approximate the shape
of'a circle. Each of these rectangles may be weighted difter-
ently or the same. Moreover, each of these rectangles may
include one or more subrectangles (not shown) with different
weights. Similarly, hexagonal template 720 and triangle tem-
plate 730 may each include a number of rectangles sized and
positioned to approximate their respective shapes. Numerous
other shaped templates can be generated using this technique,
such as octagonal, oval, etc.

Because the present disclosure provides for fast and accu-
rate detection of objects, such as road signs, such information
may be used in applications such as autonomous driving,
where fast and accurate perception of encountered objects is
critical. In one example, the autonomous vehicle may react to
the detection of particular road signs. For example, if the
detected sign is a construction zone sign, the vehicle may
prompt the user to take control of the car. As another example,
if the detected sign is a school crossing sign, the vehicle may
reduce its speed.

As these and other variations and combinations of the
features discussed above can be utilized without departing
from the subject matter as defined by the claims, the forego-
ing description of exemplary embodiments should be taken
by way of illustration rather than by way of limitation. For
example, while the subject matter has been described herein
with respect to detecting road signs encountered by an
autonomous vehicle, the techniques disclosed may be used in
any of a variety of types of devices to detect any type of object
for any purpose. It will also be understood that the provision
of examples of the invention (as well as clauses phrased as
“such as,” “e.g.”, “including” and the like) should not be
interpreted as limiting the invention to the specific examples;
rather, the examples are intended to illustrate only some of
many possible aspects.

The invention claimed is:
1. A method of detecting objects, comprising:
receiving images from an image capture device;
detecting a plurality of candidate objects within the
received images, comprising:
performing constant-time normalized cross-correlation
between a template and the camera image, the con-
stant-time normalized cross-correlation comprising
detecting areas of a given color within the received
image by computing an intermediate image; building
a first integral image from the intermediate image;
and computing a second integral image which sums
the squares of the intermediate image;
computing a score for objects identified in the camera
image based on their fit within the template; and
selecting the candidate objects based on the computed
score;
performing shape classification on the plurality of candi-
date objects; and
eliminating non-objects from the plurality of candidate
objects.



US 9,092,695 B1

9

2. The method of claim 1, wherein the intermediate image
is computed by subtracting a maximum of a first and second
color channels from a third color channel, the third color
channel corresponding to the given color.

3. The method of claim 1, wherein each pixel in a given
coordinate position of the first integral image stores the sum
ofall pixels in lower coordinate positions in the intermediate
image.

4. The method of claim 1, wherein the normalized cross
correlation comprises applying the template across a range of
scales and locations in the received image.

5. The method of claim 1, wherein performing shape clas-
sification comprises training a multi-stage cascade of classi-
fiers using a database of known objects and known non-
objects as examples.

6. The method of claim 1, wherein performing shape clas-
sification comprises selecting a number of classifiers, and
using those classifiers in combination.

7. The method of claim 1, wherein performing shape clas-
sification comprises weighting known objects and known
non-objects differently.

8. The method of claim 6, wherein performing shape clas-
sification comprises ignoring a presence of one or more
selected classifiers when selecting a next classifier.

9. The method of claim 1, further comprising adjusting the
operation of an autonomous vehicle in response to detection
of the object.

10. A system for detecting objects, comprising:

an image capture device adapted to continually receive

images;

a processor in communication with the image capture

device;

amemory storing instructions executable by the processor,

the instructions for performing a method of:
receiving images from the image capture device;
detecting a plurality of candidate objects within the
received images, comprising:
performing constant-time normalized cross-correla-
tion between a template and the camera image, the
constant-time normalized cross-correlation com-
prising detecting areas of a given color within the
received image by computing an intermediate
image; building a first integral image from the
intermediate image; and computing a second inte-
gral image which sums the squares of the interme-
diate image;
computing a score for objects identified in the camera
image based on their fit within the template; and
selecting the candidate objects based on the computed
score;
performing shape classification on the plurality of can-
didate objects; and
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eliminating non-objects from the plurality of candidate
objects.

11. The system of claim 10, wherein the template com-
prises a plurality of concentric shapes of different sizes.

12. The system of claim 10, wherein:

the template comprises a plurality of concentric diamond

shapes; and

each integral image includes two independent interleaved

integral images.

13. The system of claim 11, wherein the normalized cross
correlation comprises applying the template across a range of
scales and locations in the received image.

14. The system of claim 10, wherein the memory further
stores training data used for training a multi-stage cascade of
classifiers.

15. The system of claim 10, wherein the shape classifica-
tion comprises at least one of:

selecting a number of classifiers, and using those classifiers

in combination;

weighting known objects and known non-objects differ-

ently; and

ignoring a presence of one or more selected classifiers

when selecting a next classifier.

16. The system of claim 10, further comprising an autono-
mous vehicle, wherein the processor is programmed to adjust
the operation of an autonomous vehicle in response to detec-
tion of the object.

17. A non-transitory computer readable medium storing
information and instructions executable by a processor for
performing a method of detecting objects, comprising:

receiving images from an image capture device;

detecting a plurality of candidate objects within the

received images, comprising:

performing constant-time normalized cross-correlation
between a template and the camera image, the con-
stant-time normalized cross-correlation comprising
detecting areas of a given color within the received
image by computing an intermediate image; building
a first integral image from the intermediate image;
and computing a second integral image which sums
the squares of the intermediate image;

computing a score for objects identified in the camera
image based on their fit within the template; and

selecting the candidate objects based on the computed
score;

performing shape classification on the plurality of candi-

date objects; and

eliminating non-objects from the plurality of candidate

objects.



